People with neurological disorders like Cerebral Palsy (CP) and Multiple Sclerosis (MS) suffer associated functional gait problems. The symptoms and sign of these gait deficits are different between subjects and even within a subject at different stage of the disease. Identifying these gait related abnormalities helps in the treatment planning and rehabilitation process. The current gait assessment process does not provide very specific information within the seven gait phases. The objective of this study is to investigate the possible application of granular computing to quantify gait parameters within the seven gait phases. In this process we applied fuzzy-granular computing on the vertical ground reaction force (VGRF) and surface electromyography (sEMG) data to obtain respective characteristic values for each gait phase. A fuzzy similarity (FS) measure is used to compare patient values with age and sex matched control ablebodied group. We specifically applied and tested this approach on 10 patients (4 Cerebral Palsy and 6 Multiple Sclerosis) to identify possible gait abnormalities. Different FS values for VGRF for right and left leg is observed. The VGRF analysis shows smaller FS values during the swing phase in CP and MS subjects that are evidence of associated stability problem. Similarly, FS values for muscle activates of the four-selected muscle display a broad range of values due to difference between subjects. Degraded FS values for different muscles at different stage of the gait cycle are reported. Smaller FS values are sign of abnormal activity of the respective muscles. This approach provides individual centered and very specific information within the gait phases that can be employed for diagnosis, treatment and rehabilitation process.
INTRODUCTION
For people with mobility disabilities gait analysis is used to provide diagnosis, evaluation and treatment planning information. The benefit of gait analysis is well established that it has now become a part of routine process in many rehabilitation centers [1] . People with Multiple Sclerosis (MS) may suffer from significant gait impairment even at early stage of the disease [2, 3] . Gait analysis has been used to identify associated gait deficit with MS [2, 4] . Gait variability study in people with MS revealed slower walking speed and more fatigue than control healthy group [5] . In the study [6] , the effect of MS on the frequency content of vertical ground reaction force (VGRF) during walking was investigated. Compared with health controls significantly lower frequency content in VGRF and no difference in frequency content in anterior-posterior ground reaction forces [6] .
Lee EH et al. [7] emphasized the importance of gait analysis in critical surgical decision-making in children with Cerebral Palsy (CP). In this study [7] surgical decisions on children with CP, based on clinical evaluation and gait analysis was shown to help improve gait quality after surgery compared to decisions solely made on clinical assessment. According to [8] gait analysis has been used to make surgical procedure decisions in patients with CP. There are a growing number of literatures [9] [10] [11] [12] [13] [14] [15] related to gait analysis and Cerebral Palsy in diagnosis and treatment planning decisions making process. Wavelet analysis was applied to study surface electromyography (sEMG) signals acquired from lower extremity muscles in children with CP [14] . Probabilistic gait classification in children with CP reported in [15] . Cluster analysis was used for identification of sagittal gait patterns [16] . Principal component analysis was applied to extract gait patterns in children with CP [12] . Mark J. et al. [17] employed fuzzy-clustering to classify temporal-distance and kinematic gait parameters for CP children.
The dynamic behavior of gait parameters is cyclic and the "normal" or expected pattern (or values) of these parameters over a gait cycle is well known. Studying dynamic gait parameters over a gait cycle helps identify alteration or deviation from the expected reference pattern or values. Specifically, quantifying kinematic, kinetic and surface electromyography (sEMG) gait parameters over a given gait cycle play a crucial role in recognizing associated neurological related gait deficits. Additional techniques and measurements that enable quantification and representation into the seven gait phases add more reliability and specificity to the analysis process. For example, monitoring of the sEMG activity over a gait cycle or a gait phases gives valuable information for diagnosis and treatment decisions [18] .
Most gait study techniques are limited to full gait cycle analysis, which focuses on comparison of reference patterns or values with the respective parameters of neurological impaired subjects. Few studies [19] [20] [21] investigated gait parameters by decomposing the full gait cycle into its seven phases. In [19] [20] [21] the authors implemented fuzzy-ruled approach to divide a gait cycle into its seven phases and make very specific comparisons and analysis within each gait phase. In these studies averaging gait variables values in each phase was used for quantification and representation. Mean value representation may be a good way and works well for slowly time-varying signals. However, averaging is not a good choice for non-smoothly time-varying signals with typical peaks and valleys. Ground reaction forces and muscle activity signal are examples of such rapidly time-varying signals with characteristic shape and peak amplitudes. We believe that a more accurate representation and quantification could be possible by employing granular representation scheme in each phase. Quantification of gait parameter value in each phase based on data-driven granule representation helps to capture the information in each sub-cycle and preserve the experimental significance and justifiability of the signal. We present a possible application of fuzzy-granular computing to investigate the dynamic behavior of the VGRF and sEMG over the seven gait phases. In this regard, we build an information granule based on fuzzy-triangular membership function to characterize, quantify and represent gait parameters values in each sub-cycle. The proposed technique is tested and used to identify and distinguish gait deficits among MS and CP subjects. Michael (2007) [1] , defined gait cycle as "the time interval between two successive occurrence of one of the repetitive events of walking". We can define the gait cycle using any event in the walking process; the most common way of defining a cycle is to use the instance of "initial contact" of one foot. Accordingly, a gait cycle begins at the instant one-foot strikes/contacts ground, and the instant when the same foot strikes the ground again, marks the end of the gait cycle. Based on the major events happening during a gait cycle [1] , a full gait cycle is divided into seven gait phases [1] : Loading response (0% -10% of the full cycle), mid stance (10% -30%), terminal stance (30% -50%), pre-swing (50% -60%), initial swing (60% -70%), mid swing (70% -85%) and terminal swing (85% -100%) [1] .
GAIT TERMINOLOGIES

GRANULAR REPRESENTATION OF GAIT PHASES
To minimize the effect of individual differences in speed of walking and to allow inter-subject comparisons normalization [22] was performed before granulation. The data were normalized as,
where 0 is the original time-series data, max is maximum, and min is minimum. Normalized VGRF and Soleus sEMG are shown for one complete gait cycle in Figure 1 .
S
Given data sample points for one complete gait cycle, one can use the percentage of each phase from the complete cycle to divide the samples into seven segments or granules (phases in this case). Next we seek granular representation of those samples that fall within each phase. In this paper, we present fuzzy-triangular membershipbased method that optimally represent data points in each granule. The triangular fuzzy set membership function is designed according to the method outlined in [22] [23] [24] . 
where a is the left bound, m is the modal or core value, and b is the right bound. The median of each segment is taken as a modal value [23] . To obtain the fuzzy parameters a and b, Equation (3) is solved for each segment [23, 24] . This equation provides the optimal value of a and b that satisfies the experimental significance and specificity requirement we need to have in each granule.
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where k is the number of data points in each segment and i x is data point in the respective segment or phase. 
Granular Matrix and Calculation of Fuzzy Similarity
We form the granular matrix, G for each gait phase represented by (a, m, b) [22] , an example of such 3 × 7 matrix is shown in Equation (4). 
where represent gait phases. ( 1, ,7) i P i   The fuzzy similarity (FS) [19] between two granulated gait variables represented by and
where the symbol "*" stands for the fuzzy-correlation operator, "min" for the fuzzy-intersection and "max" for fuzzy-union. In this study G represent the granulated gait variable for reference group and H could mean the respective granulated variable for a subject with MS or CP. And the FS defines the similarity between the reference and test subject in each gait phases. The FS is within a range between 0 and 1. FS value of zero signifies no similarity at all and 1 represents 100% similarity. An FS value closer to 1 indicates higher degree of similarity and FS values close to zero show little or no similarity. FS measure is chosen to make it consistent with the fuzzygranulation algorithm; otherwise any similarity measure that scales between 0 and 1 could as well be used.
EXPERIMENTAL DESIGN AND METHODS
Participants
The institutional review board (IRB) of The University of Texas at El Paso approved this study. Subjects obtained explanations about the study and are asked to sign informed consent prior to participation. Twenty-two male (Age: 24.5 ± 4.0 years; Weight: 74.6 ± 14.6 kg; Height: 173.0 ± 8.4 cm) and twelve female control able-bodied subjects (Age: 25.2 ± 5.5 years; Weight: 63.7 ± 9.7 kg; Height: 164 ± 5.8 cm) with no history of gait abnormalities are recruited from the El Paso community. Table 1 shows the six MS patients (2 female and 4 male), and four CP (1 female and 3 male) subjects selected for this study. 
Data Acquisition and Processing
All subjects in this study able-bodied, MS and CP subjects, performed free barefoot treadmill walking at their comfortable speed for 180 seconds. The speed of the treadmill is controllable and can be set at the subject's comfortable speed. A dual-belt treadmill (Bertec, Corporations, USA) is used to measure the ground reaction forces (GRFs) in three-dimensions. The force plates measure the ground reaction forces at 100 Hz sampling frequency. VGRF was filtered using a second order Butterworth low pass filter with cut-off frequency of 20 Hz to remove the noise. VGRF component was used to define the gait cycles. To represent each cycle (stride) in percentage, time-normalization was done by re-sampling [25] . An average VGRF for one cycle was calculated from 100 strides. To allow inter-subject comparison, the VGRF was normalized by the weight in kilograms of respective subject. Male and female ablebodied subjects VGRF data were analyzed separately and averaged to establish a separate reference for male and female. The dynamic sEMG data for four selected muscles for right side: soleus (SOL), tibialis anterior (TA), gas-trocnemius laterialis (LG), and vastus laterialis (VL), are measured by the Delsys Myomonitor wirless EMG system (Delsys Inc., Boston, MA, USA). The sEMG data acquisition was sampled at 1000 Hz and electrodes were placed according to [26] . All sEMG signal data were filtered by band pass 3rd order Butterworth filter with cutoff frequency between 20 and 250 Hz to remove low and high frequency noise. Re-sampling was done to convert into percentage of gait cycle and to make the length of each sEMG signal the same for each stride [27] . The average sEMG for each muscle was determined from 100 cycles sEMG data. The amplitudes of sEMG were normalized based on the maximum average to allow comparison between individuals. Male and female sEMG reference was then built separately by averaging the respective gender group sEMG. The reference VGRF and sEMG are divided into seven parts based on the percentage of each gait phases. The triangular fuzzy-membership function parameters a, m, and b were constructed for each segment using Equations (1) and (2) . Each phase of a given gait cycle is now represented by the parameters (a, m, b) and a 3 × 7 granular matrices that represents the full gait cycle. Reference granular matrixes that represent the able-bodied group are built for VGRF and the sEMG data. For each MS and CP patient similar data processing scheme is followed and representative granular matrix for each patient subject is constructed. The fuzzy similarity of the reference matrix and that of a patient (CP and MS in this case) is then determined by Equation (4).
RESULTS AND DISCUSSION
The proposed method is applied to establish similarity of VGRF and sEMG data of the reference able-bodied and patients group (CP and MS) in each gait phases. Each entry in the result table expresses the similarity of fuzzy parameters (a, m, b) of patients and control group.
Vertical Ground Reaction Force
The fuzzy similarity of the of right and left VGRF in each gait phase for the 4 CP and 6 MS subjects are presented in Tables Smaller FS values in phase 5-7 signify that most of patients have gait problems during swing phase.
Muscle Activity
The degree of FS for the right leg for four lower-extremity muscles of CP patients' and the able-bodied group is presented in Table 4 .
Each CP patient has different FS values that depend on individual impairment level and intervention or therapy undergone. The FS values for the right-soleus muscle are smaller during P 5 , P 6 , and P 7 . Particularly CP01 and CP02 have lowered FS values for soleus in P 5 and P 6 . CP04 has relatively higher FS values in the swing phase for soleus-muscle. The soleus muscle is expected to be activated at the start of the stance phase (loading-response) and attains its maximum during the final phase of the stance (pre-swing). Soleus remains relaxed during the swing phase. CP01 has noticeable, very low FS for soleus during the first three phases where this muscle is expected to achieve full activation. This is sign for abnormal or under normal activation of the respective muscle.
CP02 and CP03 have smaller FS values for P 1 (loading-response), this may be an indication of delayed Soleus muscle activation. Tibialis anterior (TA) of CP01, CP02, and CP03 have very small FS values in the first Table 2 . FS values for VGRF for the CP patients. three phase of the cycle. TA muscle is activated in the first phase and stays relaxed until the first part of the swing-phase. The smaller FS values during the first phase are evidence of improper activation of the respective muscle. Generally smaller FS values are indication of unusual muscle activity and that need to be addressed in the treatment process. This kind of quantification of muscle activity within the seven gait phases provides an individual based assessment tool that can be tailored for treatment planning and interventions. Similar analysis can be done for the remaining two muscles from Table 4 for CP patients. The comparison of muscle activity of MS patients and able-bodied group is displayed in Table 5 . Again, in the case of MS subjects, wide ranges of FS values are observed. This variation is due to individual difference in gait deficit and the level of MS disease progression. FS values for MS01 and MS03 in swing phase (P 5 , P 6 , and P 7 ) is relatively lower than the other MS subjects for the four muscles. MS02 has shown relatively improved FS values in most of the seven gait phases. We present muscle activity of the right leg, however the same analysis could also be done on the left leg.
The objective of this study is to investigate the possible application of granular computing to quantify gait parameters within the seven gait phases. The result of this study has shown to be effective in providing individual specific information about impairment level of CP and MS patients in comparison with age and sex matched able-bodied group. Analysis of VGRF revealed most of CP and MS subjects have smaller degree of similarity during the swing (P 5 , P 6 , and P 7 ) phase. This is the part of the gait cycle where the respective leg is in the air to switch to the other leg. A smaller FS value at this part of the gait cycle signifies subject's difficulty to alternatively switch between the right and the left leg that may lead to gait instability and reduced balance. This result is in agreement with previous studies [3, 27, 28] , where reducespeed, and impaired balance has been reported even in early MS subjects. On the other hand smaller FS values may also imply abnormal or altered patterns in the patients' VGRF signal that could change the frequency content of the signal. Frequency content analysis of VGRF of MS patients has shown significantly lower than able-bodied group [6] . Table 5 . FS values for four muscles of MS patients. FS values for muscle activities of the four-selected muscle display a broad range of values due to difference between subjects. However, one can infer important individual information from the given FS values. Smaller FS values are symptoms of irregularities and deviation from the expected normal activity. Since, each CP and MS subject is different in the type of gait deficit and the level of impairment, the calculated FS values for one muscle may not follow the same trend in all subjects. For example, lower FS values in phases 5-7 are observed, for most CP subjects, however CP04 has relatively higher FS values in the swing phase. This process of measuring similarity within the seven gait phases, furnishes individual centered information that can relate more to the individual. Further, since the information is available for each phase, it is easier to identify specific problem within gait phases. Identifying specific problems at a particular part of the walking process helps to single out the type of treatment and rehabilitation procedure needed.
One possible limitation to this study is that FS values could be affected by the speed of walking on the treadmill, because subjects walk at different speed over ground and treadmill. However, an effort has been made to minimize this effect and allow inter-subject comparison by normalizing the data using Equation (1) before granulation. Further, the VGRF data are normalized by the body weight, and sEMG data are normalized by the maximum value to permit comparisons between subjects. In this research, the authors employed an automatic detection of the gait cycles using VGRF values. A heelstrike was defined at the point where the VGRF records a value above a threshold based on the noise-level of the signal. A toe-off is marked when VGRF drops below the threshold. A complete gait cycle then covers the whole period from the initial rise of VGRF to the next above threshold value. This is very robust method compared with other automatic gait cycle detection algorithms based on inertial sensors [29] . Because, inertial sensors, like accelerometers, usually are very sensitive and the reading highly depends on the orientation and have an associated offsets.
The proposed method is not a diagnostic tool like the one presented in [30, 31] ; rather it is an assessment or evaluation model. It provides valuable information regarding the relative impairment level compared to healthy control group. It can't be used to detect the presence of CP or MS or classify CP and MS. This approach can be extended for assessment of gait related problems due to other neurological disorder as well.
CONCLUSION
We apply fuzzy-granular computing to quantify VGRF and sEMG values within the seven gait phases for the purpose of assessing and identifying specific gait deficits associated with CP and MS subjects. The proposed approach is shown to be effective in providing individual based assessment information for specific part of the gait cycle. We demonstrated the possible use of fuzzy similarity measure values between age and sex matched control able-bodied group and patient group (MS and CP) as a way of quantifying assessment of impairment level or identifying associated gait deficit. This approach not only enables to evaluate very specific gait defects but also pinpoints where the problem is within the gait cycle. Identification of abnormalities at specific point provides valuable information on the kind of treatment or intervention that can be prescribed. This individual based gait assessment information, can be integrated in clinical setting and provide crucial knowledge for individual follow up and rehabilitation process.
